Mechanical ventilation is a widely used breathing support for patients in intensive care. Its effects on the respiratory and cardiovascular systems are complex and difficult to predict. This work first presents a minimal mathematical model representing the mechanics of both systems and their interaction, in terms of flows, pressures and volumes. The aim of this model is to get insight on the two systems status when mechanical ventilation settings, such as positive end-expiratory pressure, are changing. The parameters of the model represent cardiac elastances and vessel compliances and resistances. As a second step, these parameters are estimated from 16 experimental datasets. The data come from three pig experiments reproducing intensive care conditions, where a large range of positive end-expiratory pressures was imposed by the mechanical ventilator. The data used for parameter estimation is limited to information available in the intensive care unit, such as stroke volume, central venous pressure and systemic arterial pressure. The model is able to satisfactorily reproduce this experimental data, with mean relative errors ranging from 1 to 26 %. The model also reproduces the dynamics of the cardio-vascular and respiratory systems, and their interaction. By looking at the estimated parameter values, one can quantitatively track how the two coupled systems mechanically react to changes in external conditions imposed by the ventilator. This work thus allows real-time, model-based management of ventilator settings.
Introduction
In the intensive care unit (ICU), many patients are mechanically ventilated [1] . The positive end-expiratory pressure (PEEP) imposed by the ventilator is an important setting of mechanical ventilation, as it ensures that the lungs remain inflated at end-expiration [2] , maintaining recruitment. However, an excessive PEEP can damage the lungs [2] . In addition, mechanical ventilation also affects the cardiovascular system (CVS) in many ways. These effects are complex and difficult to predict [2, 3] .
Mathematical models are powerful tools to gain understanding of a systems inner working and to make predictions about its behaviour in different conditions. For a model to be a reliable tool, the unknown quantities it involves, called parameters, have to be estimated from the available experimental data. In the case of the CVS and respiratory systems, the parameters involved include cardiac elastance and vessel compliances and resistances [3] [4] [5] . Thus, by fitting a cardio-pulmonary model with patient data, the effects of mechanical ventilation on the structures of the CVS could become quantifiable, allowing real-time, model-based management of ventilator settings. Such work has never been performed.
To the best of the authors knowledge, only two studies have modelled the respiratory system and the CVS, and their interaction [6, 7] . However, parameter estimation was not performed in these two studies, meaning that these models were only qualitatively validated [8] , and are not ready to be used as monitoring or prediction tools.
On the other hand, several models have previously been proposed to separately represent the CVS [3] [4] [5] and the respiratory system [35] [36] [37] [38] [39] [40] [41] . Most of these models are lumped-parameter models, where the CVS or respiratory system is modelled as an interconnection of compartments, described with simple equations involving flows, pressures and volumes. Parameter estimation has been performed in many of these CVS [3-5, 9-18, 27-30] and respiratory system models [36, 37, 40] , sometimes leading to structural and practical nonidentifiability issues [4, 8, 13, 15, 37, 40, 42, 43] . Non-identifiability issues occur mainly when the number of parameters to estimate is too large with respect to the amount of data available, which is of particular concern in the ICU, where data is scarce [9] .
This work first introduces a new, minimal cardio-respiratory model, formulated by merging an existing CVS model and a respiratory system model. The two separate models were both previously proven to be identifiable from ICU data, thus greatly reducing potential non-identifiability problems. With the aim of cardio-pulmonary monitoring in the ICU, the parameters of the cardiorespiratory model are then estimated using clinical hemodynamic data from porcine experiments reproducing ICU conditions, with a large range of ventilator settings. This work thus presents a first attempt at parameter estimation on a cardio-respiratory model using ICU data.
Materials and methods
The cardio-pulmonary coupling model presented in this work is an assembly of two models: a respiratory system model and a CVS model (Fig. 1) . The respiratory system model is a single compartment model ( Fig. 1, left ). The CVS model is a three-chamber model of the systemic circulation ( Fig. 1, right) . They are linked by thoracic pressure, P th .
Cardiovascular system model
The three-chamber CVS model ( Fig. 1 ) is a minimal model including the aorta (ao), one vena cava (vc) and left ventricle (lv) [13, 14] . This model was proven to be structurally [15] and practically [13] identifiable. Model chambers are joined by flow resistances representing the left ventricular valves and the systemic circulation.
The arterial and venous compartments are represented using purely passive chambers, where the pressure, P i , is proportional to the volume, V i :
where the parameters E i and V U,i are the elastance and the unstressed blood volume of the chamber i. The stressed blood volume is defined:
Stressed volume, V S,i (t), of chamber i corresponds to the amount of blood in the chamber that contributes to pressure changes. The pressure-volume relationships in the vena cava and aorta become, respectively:
where the presence (or absence) of intra-thoracic pressure, P th (t) is discussed in Section 2.3. Similarly to [16] , left ventricular pressure P lv (t) is the sum of a free wall ventricular pressure P lv,f (t) and the intrathoracic pressure P th (t) acting on the ventricle: P lv (t) = P lv,f (t) + P th (t).
(4) The active nature of the left ventricle is described using a time-varying pressurevolume relationship, defined [16] :
where E lv,es and E lv,ed are respectively the end-systolic and end-diastolic elastances of the left ventricle. Equation 5 assumes linear end-systolic (ESPVR) [16] [17] [18] 44] and end-diastolic [34] pressure-volume relationships. The time-varying parameter e lv (t) in Equation 5 represents the normalised time-varying elastance of the left ventricle [4, 16] :
where W dictates the width of the Gaussian function, mod denotes the modulo operator, and T is the cardiac period. This driver function model is the simplest possible (cfr. Fig. 5 ), involving only two parameters, while others typically require more [11, [20] [21] [22] [23] [24] [25] . The model chambers are linked by flow resistances representing the mitral valve (mit), the aortic valve (aov) and the systemic capillaries (sys). The systemic circulation flow, Q sys (t), is described using Poiseuille's equation:
There is flow through a cardiac valve only if the pressure difference across the valve is positive:
Finally, the continuity equation gives the rate of volume change inside the compartments as a function of the inflows and outflows:
Summing these three equations gives:
Equation 13 implies the sum of chamber volumes is a constant for this closedloop system, and is the total amount of blood in the system. The value of this volume is called total stressed blood volume (SBV ) [26] .
Respiratory system model
The respiratory model must also be minimal to ensure identifiability and computational speed. Many respiratory system models exist [38, 45, 46] , including complex, three-dimensional finite element models [39, 47] , as well as simpler lumped parameter models [38, 45, 48] . This research considers a clinically validated linear single compartment model [38, 45] (Fig. 1) , previously shown to be a globally accurate minimal model of fundamental respiratory mechanics [38] and structurally and practically identifiable [36, 38, 40] .
Airway air flow, Q aw (t), is expressed using Poiseuille flow between the ventilator and the lung compartment, yielding [38] :
where P aw (t) is the ventilator input pressure, P lung (t) is the pressure inside the lungs, and R aw is the airway resistance. A linear relationship links P lung (t) and the volume of air inside the lungs, V lung (t), via the total respiratory system elastance, E rs :
This lung model has been extensively validated against clinical data and captures all fundamental mechanics [37, 38, 41, 48] . An expression of the lung volume can be integrated from the airflow Q aw (t) entering the lungs, as:
where the integration constant
P EEP Ers
can be found from Equation 15 at endexpiration, when the lung pressure is equal to P EEP and the periodic part of the integral cancels. This constant corresponds to the functional residual capacity of the lung.
By defining a periodic volume V C (t) = Q aw (t) dt and by inserting Equations 15 and 16 in Equation 14 , yields an expression for P aw (t):
2.3. Cardio-pulmonary coupling model Cardio-pulmonary coupling is made through intra-thoracic pressure, which is assumed spatially homogeneous in this work. The overall simplified model assumes the ventricular and venous compartments are submitted to intra-thoracic pressure, as reflected in Equations 3 and 4. The arterial compartment is not subjected to P th , as the part of the circulation it represents is not subjected to thoracic pressure in reality. Different versions of these hypotheses have been made for previous cardio-pulmonary models [27, 28] . The hypotheses used in this work are discussed in Appendix A.
The coupling is created using P th (t), computed from the respiratory model [38] , for the pressure over the total thorax volume. The chest wall elastance E wall links intra-thoracic pressure and lung volume, yielding:
The respiratory system elastance is assumed to be mainly composed of the lungs and the chest wall, as two homogeneous compliances in series [49] , as represented on the left of Figure 1 , yielding:
Ultimately, P th (t) can be derived by substituting Equations 16 and 19 into Equation 18 , yielding (cfr. Fig. 8 ):
In summary, the cardio-pulmonary coupling model has 15 equations: Equations 3 to 12, Equations 14 to 16, and Equation 18; and 16 parameters. The model parameters are summarised in Table 2 . The model has 3 state variables: V lv (t), V ao (t) and V vc (t). The initial condition for each of these variables were SBV /3.
Data
The experimental data used in this study come from 3 porcine experiments performed in the haemodynamics laboratory of the University of Liège [4] . These experiments were approved by the Ethics Committee of the Medical Faculty of the University of Liège. These experiments analysed the haemodynamic impact of vascular filling by successive fluid administration [4] . Importantly, the experiments were performed with the chest closed to ensure thoracic pressure and cardiopulmonary interactions were not modified.
The pigs weighed 27.3, 24.5 and 20 kg. They were anaesthetised. They were administered a muscle relaxant (Nimbex, GlaxoSmithKline AG, Switzerland) and mechanically ventilated through a tracheostomy while in supine position. The ventilator parameters (GE Engström CareStation, General Electric Healthcare, USA) were:
• Tidal volume of approximately 10 ml/kg,
• Frequency of 20 breaths per minute,
Micromanometer-tipped catheters (Transonic, NY) provided invasive real-time recording of (cfr. Fig. 6 ):
• Left ventricular pressure, P lv,m (t),
• Left ventricular volume V lv,m (t),
• Aortic pressure, P ao,m (t).
A PiCCO monitor (Pulsion AG, Germany) was also used, its arterial and venous catheters located in the femoral artery and vena cava. After the required calibration step, the PiCCO displayed:
• Maximal and minimal vena cava pressure, P vc,max and P vc,min
• Cardiac output, CO The mechanical ventilator, in turn, recorded:
• Airway pressure, P aw,m (t),
Finally, a Fogarty balloon catheter was inserted in the inferior vena cava.
After all sensors were correctly positioned, PEEP was increased by steps of 5 cmH 2 O, up to 25 cmH 2 O. After each change in PEEP, once steady state was reached, the ventilator was turned off and the Fogarty balloon catheter was inflated to reduce ventricular preload -a preload reduction experiment. Two preload reduction experiments were performed at each PEEP level (cfr Fig. 4 ).
The signals were recorded at 250 Hz and filtered and split into heartbeats after the experiments. Figure 2 shows the time series of measured airway pressure during the whole experiment for pig number 1. The timespans between each PEEP change and the following preload reduction experiment were considered to be physiologically representative of the pigs baseline hemodynamics under mechanical ventilation. 
Output vector
Because of the asynchrony and complex interactions between respiratory and CVS signals, the number of heartbeats over one respiratory period is never the same. Therefore, only median values computed over several cardiac and respiratory periods were included in the output vector. This de-coupling of hemodynamics and pulmonary mechanics yields an overall global behavior.
The model presented here is voluntarily oversimplified. Therefore, it was expected the shape of modelled CVS signals would differ from measured signals. Let X(t) and X m (t) be the modelled time series of a signal and its corresponding measured time series, respectively. Since the shape of a given signal directly influences its mean value over a heartbeat, comparing the mean values of X(t) over a heart beat to the mean values of X m (t) over the same heart beat to fit the model to the measurement would result in an inherent error. Median values of signals were thus used instead of means.
Let X max,i and X min,i be the maximal and minimal values of the signal X(t) over the heartbeat i spanning the time period T i :
and
The offset, X, of the signal X(t) over N = 20 cardiac periods was computed as the average of the medians of X max,i and X min,i over N heartbeats:
The 20 cardiac periods were always chosen as the last 20 beats of the baseline dataset, for every PEEP level (cf. Figure 2 ) both in the modelled and measured signals. The median i=1,...,N () function was chosen over the mean to minimize the influence of potential outlier values from the sensor measurements. Similarly, the range, ∆X, of X(t) over N cardiac periods was defined:
Due to the respiratory oscillations in the signal X(t), X max,i is not constant between heartbeats. Let X max,j max and X min,j max be the maximal and minimal values of X max,i during the j th respiratory period, spanning several cardiac periods. The range of the respiratory oscillations in the signal X(t), written ∆X max , can thus be calculated:
The calculation of ∆X max is exemplified on Figure 3 for X(t) = P ao,m (t).
Let y(p) be the output vector calculated from the modelled signals resulting from one simulation of the model using the parameter values in p. The components of y(p), as well as the measurements included in the reference output vector, y ref are shown in Table 1 . This table summarizes from which signals the components of these vectors are calculated. Detailed explanations on the choice of the model signals to compute y(p) are given in Appendix A.
The seventh component of the output vector quantifies the respiratory effects on the aortic pressure waveform. This component is the range of the respiratory oscillations in the aortic pressure signal, written ∆P ao,m,max , calculated using Equation 24 and exemplified on Figure 3 . No information related to left ventricular pressure, P lv (t), was included in the output and reference vectors.
Error vector
A relative error vector, e, between simulated and reference values is defined:
2.7. Parameter estimation 2.7.1. Introduction The model parameters were adjusted to minimise the error between simulated and measured signals. First, nominal values had to be assigned to all model parameters. As a second step, a selected subset of the parameters was iteratively adjusted to further decrease the error. This two-step process was performed for all available datasets, covering all pigs at all PEEP levels. i
Model output
Calculated from 
Nominal parameter values
Several methods can be used to compute the nominal values of the parameters, p 0 [4] . The methods used here are based on models or specific reasoning with respect to the CVS model dynamics. The following eight steps calculate or estimate from data all 16 parameters.
Step 1 Venous and aortic chamber elastances, E vc and E ao (Parameters # 1-2)
The nominal values of the aortic and venous chamber elastances are [4, 26] :
Where CO is the cardiac output and the product CO · T corresponds to an average stroke volume over the solicitation period. The pressure ranges ∆P ao,m and ∆P vc,m are known from the measured signals.
Step 2 Ventricular parameters, E lv,es , E lv,ed , V lv,d and V lv,u (Parameters # 3-6)
The preload reduction experiments performed at each PEEP level allowed estimation of the ventricle-related parameters E lv,es , V lv,d , E lv,ed and V lv,u . To obtain the values of the parameters E lv,es and V lv,d , the iterative method of Kass et al. [50] was implemented. This method performs a linear regression of the points of end-systole, as shown in Figure 4 . The method was adapted for the points of end-diastole, thus providing values for E lv,ed and V lv,u , as also shown in Figure 4 .
Step 3 Driver function parameter W (Parameter # 7)
During the preload reduction experiments, the ventilator is turned off and the intrathoracic pressure, P th becomes negligible compared to the cardiac pressures. Therefore, during the preload reduction experiments, the pressure-volume relationship in the left ventricle is approximated:
Since P lv,m (t) and V lv,m (t) are measured, and E lv,es , V lv,d , E lv,ed and V lv,u were computed at Step 2, Equation 27 can be used with the measured signals, to compute the experimental driver function e lv,m (t):
An example of such an experimental driver function is shown in Figure 5 . The parameter W of the driver function could then be computed by fitting Equation 6 on the obtained experimental curve, as exemplified in Figure 5 . This fitting step was performed using non-linear least squares.
Step 4 Cardiac period, T (Parameter # 8)
The cardiac period, T , was taken as the average of the cardiac periods of the N = 20 heartbeats representing the baseline datasets.
Step 5 Circulatory resistance R sys (Parameter # 9)
Let X be the average value of the signal X(t) over N = 20 cardiac periods. The nominal value of R sys is defined [4, 26] :
Step 6 Valve resistances R mit and R aov (Parameters # 10-11)
The values of the valve resistances were set as follows:
R mit = 0.001 mmHg · s/ml and R aov = 0.04 mmHg · s/ml [29] 
The mitral valve resistance was chosen to be low as the measured venous pressures were quite low, which could hamper the opening of the mitral valve in the model equations (cf. Equation 8).
Step 7 Total stressed blood volume, SBV (Parameter # 12)
The value of total stressed blood volume, SBV , was calculated as the sum of average stressed blood volumes inside the chambers (cfr Equation 13) over N = 20 heartbeats. By writing X(t) the average over N = 20 heartbeats of a signal X(t), SBV can be estimated as follows:
For the venous and arterial chambers, average volumes were estimated from the offset pressures over N = 20 heartbeats (cfr Equation 22), accounting for the elastances. Putting Equation 2 into 1 and solving for stressed blood volumes and neglecting intrathoracic pressure, estimates of V S,ao and V S,vc are found:
For the ventricle chamber, the average volume over N = 20 heartbeats was estimated as follows (neglecting intrathoracic pressure):
Equation 32 can be written:
The value of SBV can thus be estimated from the available measurements and previously computed parameters: E ao,0 and E vc,0 were computed at Step 1, and V lv,d and V lv,u were computed at Step 2.
Step 8 Ventilation parameters R aw , E rs , P EEP , and E wall (Parameters # 13-16)
From the ventilator signals, Q aw,m (t) and P aw,m (t), one can use a linear regression of the respiratory system model (Equation 17) to compute the values of the airway flow resistance, R aw , and the respiratory system elastance, E rs , as previously described [37, 38, 41] . The nominal value of E wall was taken as E rs and the P EEP was read from the ventilator. 
Iterative estimation of a parameter subset
The criteria for including the parameters in p were based on previous sensitivity analyses [13] and observations from model simulations. In particular, the three-chamber model is not very sensitive to both valve resistances [13] , as large changes in value do not imply large changes in the outputs. Therefore, the values of these resistances were kept fixed. In addition, it was often observed that measured vena cava pressure was lower than measured minimum left ventricular pressure. While this situation is physiologically possible, in the model, it blocks ventricular filling and causes difficulty in parameter estimation. The end-diastolic elastance, E lv,ed , directly influences minimum ventricular pressure: if it decreases, so does the minimum pressure, for a given volume. Therefore, including E lv,ed in p gives the iterative process a means to directly control the minimum ventricular pressure, and can thus compensate for impaired ventricular filling in the model. The parameters in p were iteratively adjusted to match model outputs to measured data. The parameter estimation routine was started using a rapid, proportional-gain algorithm described in [15, 17] . The resulting parameters were then finely tuned using the non-linear simplex algorithm [51] . The cost function to be minimised was the 1-norm of the error vector, ||e|| 1 . Table 2 Table 3 shows the minimum average absolute error, ||e|| 1 /7, for each PEEP level and each pig. Appendix C presents the corresponding values of all the components of e. Appendix D and Appendix E respectively contain the reference values of all the datasets considered in this study and the model parameter estimations on those datasets. Figure 6 shows simulated pressures and volumes using the estimated parameter values listed in Table 4 . In particular, the bottom right panel of Figure 6 shows the corresponding left ventricular pressure-volume loop.
Summary

Results
Quality of the parameter fitting
Model dynamics
Reaction to changes in parameters
The model reaction to specific changes in parameters was also analysed. More specifically, the following parameter changes were implemented: Figure 6 : Model output, simulated with the values listed in Table 4 . The green and red areas highlight the aortic and mitral valve openings (respectively). A) Modelled chamber pressures driving the opening and closure of the valves. B) Modelled ventricular pressure P lv (t) (blue line) and measured ventricular pressure (dotted line). C) Modelled signal Pao(t)+P th (t) (blue line) used for parameter estimation, compared to the measured aortic pressure (dotted line). D) Modelled signal Pvc(t) − P th (t) (blue line) used for parameter estimation, compared to the PiCCO reference value for Pvc,max and P vc,min (dotted lines) and P vc (dash-dotted line). E) Modelled volumes (plain lines) and measured ventricular volume (dotted line). F) Ventricular PV loops (blue line). The circle represents the (V lv , P lv ) reference point computed from the measured ventricular signals as explained in Section 2.5. The dash-dotted lines represent the measured pressure and volume ranges, computed as explained in Section 2.5.
• An increase of systemic vascular resistance from 0.7 mmHg.s/ml to 1 mmHg.s/ml.
• An increase of aortic elastance from 1.17 to 1.3 mmHg/ml.
The effect of these two changes on simulated aortic pressure is shown in Figure 7 . Figure 8 shows measured airway pressure, P aw,m (t), and simulated thoracic pressure, P th (t). It also emphasises the variations of ventricular pressure caused by mechanical ventilation, both in the model and in the data. Modelled intrathoracic pressure P th (t), is computed from the measured airway pressure P aw,m (t) using Equation 20 . The horizontal dash-dotted lines in Figure 8 A respectively show the values of P th (t) (blue line) and P aw,m (t) (orange line) at end-expiration, being equal to P EEP * E rs /E wall and P EEP , respectively, as dictated by Equations 16 and 17.
Influence of the respiration
Discussion
Model dynamics
The four phases of the cardiac cycle can be distinguished on the fitted model pressure-volume loop of Figure 6 (bottom right panel). This loop can be under- show the values of these two signals at end-expiration. B Simulated (blue dotted line) and measured (orange dotted line) ventricular pressures, P lv (t) and P lv,m (t). B-Top: The yellow linked asterisk and purple linked circle markers show the end-systole points of P lv (t) and P lv,m (t), respectively. B-Bottom: The yellow linked asterisk and purple linked circle markers show the end-diastole points of P lv (t) and P lv,m (t), respectively. The vertical dotted green lines highlight two breathing periods.
stood by comparing the left and top right panels of Figure 6 .
This description of the cardiac cycles generated by the model matches all expectations and shows that the model, despite its simplicity, captures the fundamental CVS dynamics [53] .
Influence of respiration
A full and consistent validation of the model requires the model behaves physiologically over several heartbeats and breathing cycles. Figure 8B clearly shows the influence of the respiratory wave (intrathoracic pressure) on the simulated ventricular pressure, in a similar pattern as observed on the data. Indeed, ventricular pressure is clearly modulated by the respiratory wave. The heartbeats at the end of expiration (respectively inspiration) involve lower (respectively higher) ventricular pressures. This phenomenon is highlighted in Figure  8B on the ventricular pressure maxima and minima mainly because the magnitude of the respiration-induced changes in ventricular pressure is relatively small compared to ventricular pressure itself.
Both in the data and the model, the expected mechanical influence of intrathoracic pressure on ventricular volume was observed. Volumes at end-filling are lower at the end of inspiration because intra-thoracic pressure is higher, which decreases ventricular filling. This behaviour was observed in the data and reflected by the model. However, other external complex factors can influence volumetric changes in the ventricle, which are not captured by the simplified dynamics of this model. Therefore, the influence of the intra-thoracic pressure on the ventricular volume in the model was expected not to be as exact to physiological reality as the respiratory influence on the ventricular pressure.
Parameter estimation process
As shown in Table 3 , the model outputs were fitted on reference data with relatively small fitting errors. The mean fitting error roughly increases with PEEP, for each pig. Consequently, at low PEEP, the model can represent the complexity of the measured haemodynamic signals, even if it involves very strong assumptions. In contrast, the model is reaching its limits at higher PEEP values, which might induce other strong biophysical events [54] altering the cardiopulmonary interactions in such a way the model defined is no longer relevant. Such high PEEP levels (25 cmH 2 O) are typically not used in critically ill patients [55] .
Finally, the ranges of the average absolute error values (cf. Table 3 ) are still relatively low, considering the strong assumptions. These errors are comparable to the fitting errors obtained during the parameter estimation of much more complex CVS models using a partly common output vector [3, 29] . This results clearly shows there is no loss of fitting quality for these signals using simpler models.
As shown in Table 4 , Figure 4 and Table E.7, negative values were obtained for the parameter V lv,d on several PEEP levels for the three pigs. These results show the linear ESPVR model commonly adopted in the literature may not be exact or most relevant. Therefore, this parameter cannot be interpreted as a physical volume. Negative values compensate inaccuracy of the commonly used linear ESPVR model and should not be given a physical interpretation. This observation has been made by several other researchers [4, 52, 56] .
Effect of PEEP on the haemodynamic parameters
The estimation of pig-specific parameter values for the model enables relating PEEP levels to these parameters. Thus, observation of haemodynamic effects of PEEP changes becomes possible. Figure 9 shows the estimated values of R sys and E vc as a function of the PEEP level. The systemic resistance seems to decrease with the PEEP level. However, the very low values of R sys at high PEEP levels may also reflect the difficulties of the parameter estimation process at high PEEP, as shown in Table 3 . The decrease of R sys for increasing PEEP also shows that too high PEEP levels may block circulation through the systemic capillaries and confirms previous model-based results [30] .
The right panel of Figure 9 shows the estimated value of vena cava elastance, E vc , as approximately constant over PEEP, which was also observed for aortic elastance, E ao , as shown in Appendix E. Such behaviours can be expected, since elastances indicate the deformability of a vessel, and are thus mechanical properties. The linear model used for the aortic and venous chambers was thus appropriate. 
Reaction to changes in parameters
Physiologically, an increase in systemic vascular resistance means blood circulates less easily from the aorta to systemic capillaries, increasing aortic pressure [16] . As shown in Figure 7 (left), the model reproduces this behaviour. An increase in aortic elastance makes the aorta more rigid, so, for a given aortic blood volume, the aorta will generate larger pressures. Figure 7 (right) confirms the model also reproduces this behaviour.
Limitations 4.6.1. Differences between porcine and human physiology
In this work, parameter estimation was performed using porcine data. There are differences between porcine and human physiology. However, the features used in this work to model the cardiovascular and respiratory systems are common to both species. Indeed, both the human [6] and porcine [3] hearts can be modelled as a single elastic chamber. The same is true for the aorta and the vena cava. Similarly, the respiratory systems of both species have often been modelled using a single linear elastic compartment [6] .
A related limitation of this work is the animals were not critically ill. Even if not critically ill, the three pigs exhibited large variability and the model was successfully fit. Further, the three-chamber CVS model used in this work has also successfully been applied to data of pigs in septic shock [14] . These observations indicate the cardio-pulmonary model presented will also fit various situations of pathological human physiology.
Simple model
The biggest limitation of the three-chamber CVS model presented in this work is the difficulty to interpret it in terms of cardio-vascular physiology due to its significant abstraction. The CVS in reality consists of two parallel circuits, the systemic and pulmonary circulations, which are traditionally accounted for in CVS models [3, [9] [10] [11] [12] . In this work, the pulmonary circulation is not represented in the model. This approach assumes the pulmonary circulation behaves as a simple flow resistor, as in other works [14, [31] [32] [33] . The three-chamber model is thus not suited for studies investigating the pulmonary circulation. However, it is well suited for this type of study of global haemodynamics.
Equally, this three-chamber CVS model is the simplest possible. It thus has the lowest possible number of parameters enhancing identifiability with typical ICU data. Hence, this smaller model maximizes identifiability of global haemodynamics, necessitating increased simplicity and abstraction.
Availability of the reference measurements from ICU data
The output vector used in this study contains seven indices, which can be readily derived in a standard ICU environment:
• Mean left ventricular volume, V lv,m , is not directly available in an ICU setting. However, it can be approximated from available ICU data, such as global end-diastolic volume and SV [13] .
• SV , in turn, can clinically be obtained using thermodiluton or echocardiography [34] .
• Systemic arterial pressure, P ao,m (t), can be obtained in the ICU using an arterial line. This continuous measurements allows the computation of P ao,m , ∆P ao,m , and ∆P ao,max,m , as described in Section 2.5.
• Similarly, central venous pressure, P vc,m (t), is usually provided by a central venous line. Its offset, P vc,m , and range, ∆P vc,m , can then be derived exactly as for P ao,m and ∆P ao,m .
The parameter estimation procedure presented in this work can thus be applied using data available in the ICU. In this work, additional data were used, such as ventricular pressures and volumes during a preload reduction manoeuvre, to get as precise nominal parameter values as possible. Such data is usually not available in an ICU. Consequently, for a clinical application, other methods must be used for estimating initial parameter values. For instance, one may use population-based values, or the values presented in this work. Other methods for obtaining initial parameter values for the CVS model have also been presented [13] .
Conclusions
A new minimal model of the CVS was coupled to a simple model of the respiratory system, through the intrathoracic pressure. The full model was able to capture the combined dynamics of these two physiological systems. Additionally, the model was validated against experimental data. By fitting the model outputs on physiological signals, subject-specific parameter values could be estimated. The influence of PEEP on hemodynamic parameters could be established. For instance, this study demonstrated that the systemic resistance of the CVS decreases for increasing PEEP, while the vena cava elastance remains constant.
Due to its simple nature and mathematical expression, the model designed in this study allows observing the effect of ventilatory settings on hemodynamic parameters. This work allowed better quantification of the interactions between the respiratory and the cardiovascular systems. Therefore, it opens many research opportunities in its implementation at the patients bedside and in the optimisation of ventilation parameters by taking into account and predicting ventilation impacts on the CVS.
Appendix A. Choice of signals used for model fitting
The components of the model output vector y(p) were the following (calculated over N = 20 simulated cardiac periods):
• P ao and ∆P ao , computed on the model output P ao (t) + P th (t). The model was built with the aortic chamber out of the thoracic cavity. However, the aortic catheter measurement was performed in the proximal aorta, which is located inside the thoracic cavity. Therefore, it was chosen that the modelled output P ao (t) + P th (t) should be compared to the measured signal P ao,m (t) for the parameter estimation.
• P vc and ∆P vc , computed on the model output P vc (t) − P th (t). A similar difference between the model compartments and the measurement location was observed for the venous pressure, but the other way around. In the model, the venous compartment was considered inside the thoracic cavity, while the measurement was performed in the superior vena cava, which does not experience thoracic pressure. Therefore, the model output P vc (t) − P th (t) was compared to the measured P vc,max and P vc,min of the PiCCO for the parameter estimation.
• V lv and ∆V lv , computed on V lv (t) from the simulation.
• ∆P ao,max computed as explained above from the model output P ao (t) + P th (t).
Appendix C. Relative fitting errors 
